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We explore the joint relationship that organizational environment and individual proactive
behavior have with the research performance of business school academics. We draw upon
sociology of science research, “new careers” literature, and social capital research to build
a multilevel model of individual research productivity emergence. The study looks at the
interplay between organizational scripts and individual strategies as part of
a microfoundations research program, and seeks to create consensus on the relative
importance of each antecedent in supporting research outcomes. Our hypotheses are tested
using a sample of 500 academics randomly selected from 25 research-intensive U.S. business
schools ranked at the top of the University of Texas at Dallas ranking. The findings of the study
demonstrate that both organizational environment and individual behavior influence the
research performance of U.S. business school faculties, with collaboration behavior being the
most important driver of research outcomes. These findings can inform decision making for
academics at all stages of a research-active career. We hope that the developmental practices
based on these results will become part of doctoral students’ training and will facilitate the
students’ socialization into the research profession.
........................................................................................................................................................................
Business schools are both producers of researchers,
through their PhD programs and faculty develop-
ment activities, and consumers of researchers,
through their hiring of new faculty members. The
capability of business schools to mentor a new
generation of management scholars (doctoral stu-
dents and early-stage hires) for sustainable re-
search careers and to hire candidates with the
highest research potential ought to be rooted in the
deep understanding of factors that drive publica-
tion outcomes and scientific impact. Elite business
schools are likely to possess this knowledge as
a result of extensive experience; however, a broader
and growing cohort of business schools that have
joined the “publish-or-perish” game in recent de-
cades may benefit from additional insights into
the processes and behaviors underlying research
productivity emergence. With this study, we seek
to provide these insights which are instrumental
in designing doctoral education programs and
in shaping faculty selection and development
practices.
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The current state of research on the antecedents of
research performance is characterized by a divide
between scholars who believe in the dominance of
organizational factors and those who argue for the
importance of proactive individual-level strategies.
The former speak about a “handicap of initial iden-
tificationwitha less prestigiousdepartment” (Bedeian,
Cavazos, Hunt, & Jauch, 2010: 13). In their opinion, this
has a permanent detrimental effect on academic
productivity (Bedeian et al., 2010; Crane, 1965) due to
thepath-dependent nature of academic careers. The
latter put forward networking and mobility as
means to influence research productivity through
proactive behavior at the later stages of career de-
velopment (Baruch & Hall, 2004). Those who see
early-career organizational affiliation as being the
main driver of research performance draw their ar-
guments from sociological studies dating from 1950
to the 1980s (Caplow & McGee, 2001; Clemente &
Sturgis, 1974). The arguments of the human-agency-
driven view of individual performance are sup-
ported by evidence from the “newcareers” literature
and fromsocial capital research (Baruch&Hall, 2004;
McFadyen&Cannella, 2004;McFadyen, Semadeni,&
Cannella, 2009).
None of these perspectives alone can explain
individual-research performance in a globalized
business school industry. A path-dependence view
does not account for the increased diversity of hu-
man capital or increased competitive pressures
(Certo, Sirmon, & Brymer, 2010). The “new careers”
literature relies predominantly on conceptual and
qualitative research (e.g., Baruch & Hall, 2004;
Richardson & McKenna, 2003), which makes it diffi-
cult to understand the scope and significance of the
theorized effects upon individual performance. The
extensive social capital research literature (see
e.g., Payne, Moore, Griffis, & Autry, 2011) focuses on
the role of networks in supporting research perfor-
mance, without considering the embeddedness of
individuals in social structures. One recent excep-
tion is thework of Seibert et al. (2014),which includes
“PhD university reputation” and “current university
reputation” in its analysis. They, however, include
reputation as a control variable, maintaining the
focus on the link between social networks and re-
search. In another recent study, Judge et al. (2012)
lookedat the frequencyof collaboration in conjunction
with the academic pedigree of researchers as pre-
dictors of impact, but their social network analysis
fails to explore thestructureof coauthorshipnetworks.
In our work here, we seek a consensus between
a path-dependence perspective, which builds upon
professional socialization as a key mechanism in
researchers’ careers, and a proactive perspective,
which builds upon social-capital-related mecha-
nisms of performance development. The “glue” that
holds this view of research performance together
is a multilevel framework that brings together
organizational- and individual-level drivers of success
in producing research. This framework is grounded
in the “new careers” literature (Dany, Louvel, &
Valette, 2011; Duberley, Cohen, &Mallon, 2006) and
the microfoundations literature (Barney & Felin,
2013; Coff & Kryscynski, 2011). “New careers” scholars
explore the interplay between individual and organi-
zational factors in predicting individual-level career
outcomes,whilemicrofoundations research, inamore
general way, focuses on the links between the micro-
and macrolevel drivers of organizational outcomes.
We seek to contribute to the development of doc-
toral programs in business schools by offering in-
sights into the relationships between the career
choices, publication practices, and outcomes of
successful academics. We build upon the research
productivity literature (e.g., Aguinis, de Bruin,
Cunningham, Hall, Culpepper, & Gottfredson, 2010;
Seibert, Kacmar, Kraimer, Downes, & Noble, 2014),
extending it in several ways. First, our study goes
beyond early-career organizational influences and
the role of current affiliation to explore the role of
career-long exposure to organizational scripts in the
process of developing research productivity. Sec-
ond, we explore the relationship of interorganiza-
tional and international mobility with individual
research outcomes. Third, and most important, we
measure the relative importance of organiza-
tional and individual factors in the careers of
researchers.
Theoretically, we respond to the call from Barney
and Felin (2013: 146), who argue that “we need com-
parative theories andassociated empirical analysis
that prioritizes different levels of analysis in terms
of their respective contribution to overall perfor-
mance.” Such comparative analysis is at the core of
this article. We view the emergence of research
productivity in knowledge-intensive organizations
(Coff & Kryscynski, 2011; Ployhart & Moliterno, 2011)
as a consequence of interplay between organiza-
tional scripts and individual choices. Methodologi-
cally, we respond to the call for the wider use of
multilevel designs in organizational studies (e.g.,
Breugst, Patzelt, Shepherd, & Aguinis, 2012) by ex-
amining cross-level direct and interactive relation-
ships between individual research performance
and individual–organizational factors.
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CONCEPTUAL BACKGROUND
Socialization As a Driver of Research Output
Path-Dependence Perspective
Research productivity emergence starts with pro-
fessional socialization, which is defined as “the
process bywhich an individual acquires the values,
expected behaviors, and social knowledge needed
to assume an active role” in a given profession
(Cable, Gino, & Staats, 2013: 2). The socialization
process is part of professional education and leads
to the acquisition of symbolic, intellectual, and, to
an extent, social capital, which are instrumental
in an individual’s future career (Vaara&Fay¨, 2011). In
an academic context, professional socialization pre-
dominantly occurs as a part of doctoral education (Li
& Seale, 2008; Stuart & Ding, 2006) and includes the
transmission and acquisition of discipline-specific
skills (i.e., intellectual capital) and the awareness of
professional norms (the “rules of the game”).1 “Like
the elders of any tribe, academic elders pass on the
wisdom and ‘tricks’ of the culture to the next gener-
ation” (Adler & Harzing, 2009: 87).
In science, socialization during a doctoral pro-
gram is considered the most common practice for
honing the skills of would-be researchers (Baker &
Lattuca, 2010; Stuart & Ding, 2006). The wider aca-
demic community can also play an active role in
shaping future researchers’ understanding of the
profession. “It is through participation in the in-
tellectual community in the field and the home in-
stitution that doctoral students build the knowledge
and skills required for scholarship in their field of
study” (Baker & Lattuca, 2010: 809). The interaction
between an author, a journal editor, and multiple
reviewers, which leads to the first publication of an
academic’s work in a peer-reviewed journal, is
a formative experience in the development of a fu-
ture publishing career. In sum, the environment of
the doctoral program and the first publishing expe-
rience provide intellectual capital that lays the
foundation for an academic’s ability to produce re-
search in the form of journal publications.
As evidenced by multiple studies conducted into
the role of academic origin in the development of
scientific productivity, the research-intensiveness
of the starting point in scientists’ careers has a long-
term impact on their ability to produce original
research (for a review of these works, see, e.g.,
Clemente & Sturgis, 1974). First, highly productive
facultymembers possess a large stock of discipline-
specific knowledge, which they can transfer to doc-
toral students, thus establishing a foundation of
their students’ research productivity. Second, career
research argues that the research-intensiveness
of academic origin facilitates access to productive
workplaces by providing symbolic capital, which
serves as a proxy for the potential quality of a future
researcher (Bedeian et al., 2010; Miller et al., 2005).
When academics have succeeded in publishing be-
foregraduation, this reducesuncertainty in thehiring
process and provides some proof that they have the
skills required to produce research (Mangematin &
Baden-Fuller, 2008). In such cases, potential research
productivity is assessed throughan evaluation of the
PhD institution’s research output and of the quality
of the outlet in which the work was published—the
strength of the latter would compensate for the
weakness of the former (Bonnal & Giret, 2009).
A favorable assessment of an academic’s sym-
bolic and intellectual capital allows access to
research-intensive institutions that provide both the
resources and motivation necessary for achieving
high research performance. In such institutions, the
facultyworks sideby sidewith colleagueswhohave
survived the process of what D’Aveni (1996) calls
“input creaming” (i.e., a stringent selection of the
best candidates from the large population of appli-
cantswilling towork in a top organization) and have
demonstrated the ability to publish at the high level
required in elite schools. These colleagues become
both rolemodels and sources of further socialization
into the research profession. Moreover, a research-
friendly environment, characterized by lower
teaching loads and generous research funding, is
propitious to delivering scientific outcomes (Crane,
1965; Long, Bowers, Barnett, & White, 1998; White,
James, Burke, & Allen, 2011) and motivates the fac-
ulty to prioritize activities leading to publications.
Consequently, research productivity is developing
through a self-reinforcing mechanism of accumu-
lative advantage, which leads to increasing rigidity
in an academic career path (Stephan, 1996). These
path-dependent mechanisms indicate the overarching
importance of an early-career stock of intellectual and
symbolic capital as an antecedent of research pro-
ductivity. Thus,
Hypothesis 1a: The research-intensiveness of
academic origin is positively associated with
long-term research productivity.
1 This “internalized system of schemes for perceiving, thinking,
feeling, and acting within a given field and its structures” was
called habitus by French sociologist of education Pierre Bourdieu
(Vaara & Fay¨, 2011: 30).
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Although arguments for the path-dependence
perspective seem plausible, recent academic ca-
reers research provides evidence of a less-linear
trajectory of mobility across academic workplaces.
Both the lack of tenure-track positions in research-
intensive universities (Huisman, de Weert, &
Bartelse, 2002) and factors rooted in the individ-
ual characteristics of academics, such as family
commitments and the pursuit of new experiences
(Richardson & McKenna, 2003), lead to higher di-
versity of workplaces. Studies in the sociology of
science (e.g., Long & McGinnis, 1981) have dem-
onstrated that the research-intensiveness of an
immediate organizational environment (mea-
sured by a school’s standing in research-based
rankings) has a strong impact upon the research
performance of individual academics (see e.g.,
Albrecht, Thompson, & Hoopes, 2011; Smith, Fox,
Park, & Lee, 2008 for more recent evidence sup-
porting this argument). This impact results from
exposure to organizational scripts and to the or-
ganizational stock of intellectual capital. It is im-
portant, therefore, to explore the influence of
professional socialization post-PhD rather than to
assume the similarity of these scripts to the script
provided by the PhD school. A combination of
generosity of resources, quality of academic peers,
and organizational incentives is likely to lead to
a positive association between employment in more
productive organizations and higher individual re-
search performances of faculty members.
Unlike numerous studies that examine current af-
filiation as a driver of research performance (e.g.,
Chan, Chen, & Fung, 2009; Cruz-Castro & Sanz-
Menendez, 2010; Long et al., 1998), we believe it is
important to explore individuals’ entire career
histories to understand the impact of post-PhD so-
cialization. Therefore, we look at all post-PhD work-
places as sources of intellectual and symbolic
capital, and assume that:
Hypothesis 1b: The research-intensiveness of
post-PhD workplaces is positively associated
with long-term research productivity.
Social Capital As a Driver of Research Output
Proactive Behavior Perspective
Following the increased globalization of the busi-
ness school industry in the 1990s, several new trends
have begun to influence the individual performance
of academics. First, the expansion of the AACSB
across the borders of the United States and the
emergence of EQUIS as another international ac-
creditation body (Durand & McGuire, 2005) have
brought new “publish-or-perish”pressures toawide
range of organizations outside North America. The
pressure from global accreditation bodies has been
reinforced by pressures from government stake-
holders (e.g., through the Research Assessment Ex-
ercise in the U.K.), which have made university
funding dependent on research output. The calls for
increased efficiency and accountability in higher
education have directed researchers toward highly
visible international journals (Sousa, de Nijs, &
Hendricks, 2010). The resulting increase in compe-
tition for space in the top journals has made it more
difficult to publish research in these outlets (Certo
et al., 2010), led to more stringent requirements for
scientific rigor (Ashkanasy, 2010), andmayhavehad
an impact upon both space available in and stan-
dards of mid- and lower tier journals. Despite the
emergence of some new journals, the limited time
that business school academics have for research
increases their reliance on journal “impact factors”
to navigate the field (Judge, Cable, Colbert, &Rynes,
2007). The resulting, disproportionate importance
placed upon publishing in the top journals leads to
rejection rates of up to 97% of all submitted manu-
scripts (Day, 2011). Although this figure may seem
extreme, it is not far from the general level of re-
jections for the majority of top journals. In a recent
editorial, Jones and Gatrell (2014) reported that only
24 of 300 submissions are published annually in the
International Journal of Management Reviews, or a
rejection rate of 92%. The same rejection rate is cited
by the editor of the Journal of Organizational Behav-
ior (Ashkanasy, 2010), where only around 50 of more
than 600 submissions are accepted for publication.
This isadramatic change fromtheacceptance rate “in
excessof70percent” for scientific journals,as reported
by Paula Stephan 2 decades ago (Stephan, 1996: 1216).
Second, academia has mirrored other industries
in the deterioration of a secure and stable career
model. The proportion of part-time faculty members
and faculty members outside tenure tracks has
increased as a result of the accreditation and effi-
ciency pressures discussed above (Callie &Cheslock,
2008; Huisman et al., 2002). Academic career scholars
disagree in their reaction to this trend. Somehavemet
the “boundaryless careers” model with enthusiasm
and argue that proactively driven careers are the fu-
ture of empowered human capital (e.g., Baruch&Hall,
2004).Othersarecautiousandemphasized issueswith
the increased power of organizations over employees
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in the age of scarce job security (Dany, 2003). The
more optimistic fraction of the “new careers” field
presents an individual as a proactive creator his
or her own career acrossmultiple organizations. The
pessimistic fraction argues that proactiveness is
used by individuals to manage the increased dif-
ficulty in meeting organizational performance
standards and does not challenge the dominant
role of organizational scripts.
Collaboration Behavior:
Leveraging the Networks
“New careers” scholars generally agree that net-
working andmobility serve as proactivemechanisms
supporting individual performance. For instance, re-
cent research on proactive (or self-directed) careers
outlines “career planning, skill development, and
networking as fundamental proactive career be-
haviors” (Taber & Blankemeyer, 2015: 86; see also
Hirschi, Freund, & Herrmann, 2014).2 Prior research
has demonstrated that social capital embedded in
collaboration networks may be used to improve in-
dividual performance in general, and research per-
formance in particular (McFadyen &Cannella, 2004;
Seibert et al., 2014; Stephan, 1996). Collaboration al-
lows researchers to take part in several projects si-
multaneously, sharing theworkbetweenmembers of
each research team.Coauthorshipprovidesaccess to
a more diverse stock of knowledge and allows re-
searchers to examine phenomena from different
angles. Coauthorship networks3 can perform the
function of a sounding board at the early stage of
idea development, act as a friendly reviewer at
the manuscript drafting stage, and be a source of
tacit journal-related knowledge at the submission
stage. After the publication of a study, a coauthor-
ship network plays a role in knowledge dissemi-
nation, as more researchers advocate the value of
a particular project.
The size of a coauthorship network is a proxy
for the potential stock of information available to
an academic and the number of individuals likely
to contribute to knowledge dissemination. Actual
research support within a coauthorship network can
bemeasured by the strength of coauthorship ties, or
the frequency with which an individual collabo-
rates with the same coauthor (McFadyen et al., 2009;
Seibert et al., 2014). Repeated collaboration increases
trust between coauthors,making creative processes
smoother. This may lead to higher research output,
as trust is positively related to task performance
(Colquitt, Scott, & LePine, 2007). Repeated collabo-
rationmaybea signal of a good fit between coauthors
and of the complementarity of their knowledge, skills,
and personal characteristics, which are beneficial for
research productivity (Gonzalez-Brambila, Veloso, &
Krackhardt, 2013).
The size of a network and the strength of ties in it
represent different dimensions of social capital. We
therefore might expect that they would reinforce
each other. Given the complexity of the collabora-
tive research process, which requires a high level of
understanding and trust between coauthors, we ar-
gue that a large coauthorship network that contains
stronger relationships between coauthors will lead
to higher research output. Such a network, which is
closer to the bonding network type (Lee, 2009: 250),4
ought to combine broad access to information with
trust and “mutual empowerment” of the coauthors.
Thus, where the collaboration behavior of an aca-
demic includes both the expansion of a network and
a repeated partnership with coauthors within this
network, we assume that:
Hypothesis 2: There is a positive relationship
between collaboration behavior and research
productivity.
Interorganizational Mobility:
“New Careers” Addition to the Proactive Behavior
Toolbox
Academic mobility is often considered to be instru-
mental in academic career development (Sabatier,
Carrere, & Mangematin, 2006; Zubieta, 2009). Mo-
bility between workplaces increases diversity of
experience, facilitating the development of pro-
fessional skills and the broadening of researchers’
perspectives. The exact nature of the relationship
between prior experience and performance, how-
ever, remains underexplored. Dokko, Wilk, and
Rothbard (2009) demonstrate that while prior task-
related experience contributes to the development
2 We explore individual behaviors rather than psychological
traits of proactive individuals, which are examined elsewhere in
career literature (e.g. White et al., 2011; Seibert, Crant, & Kraimer,
1999). Thus, theproactivemechanisms thatwediscussareproxies
for individual attributes examined in research on self-directed
careers.
3 We understand a coauthorship network to be the ego-network of
an academic, including all of her coauthors.
4 The opposite of this type of network is a bridging network, which
includes a large number of heterogeneous weak ties and has the
benefit of providing access to diverse information.
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of knowledge and skills, it may negatively influence
performance if employees experience difficulties
adjusting to the culture of a new workplace. Dietz
and Bozeman (2005) found that academics’ mobility
between universities and industry R&D centers had
a negative effect on research productivity; they
explained this finding by the fact that there are
fewer incentives for publishing in industrial R&D.
At the same time, research on academic inbreeding
shows a negative relationship between a lack of
academic mobility and research productivity (Cruz-
Castro & Sanz-Menendez, 2010; Horta, Veloso, &
Grediaga, 2010).
Current research on academic mobility as a pre-
dictor of research productivity is, however, mostly
limited by the study of postdoctoral mobility (e.g.,
Cruz-Castro & Sanz-Menendez, 2010; Zubieta, 2009)
and the academic inbreeding phenomenon (Cruz-
Castro & Sanz-Menendez, 2010; Horta et al., 2010).
Postdoctoral mobility is not as widespread in the
career model of business school faculties as it is in
life sciences and other STEM disciplines. The stud-
ies of inbreeding offer limited insight into the pro-
cess of intellectual and social capital acquisition
due to thebinarynature of the explored variable and
its focus on the initial placement stage of academic
careers. We take a more in-depth approach to mea-
suring mobility and argue that in the case of career
mobility between academic institutions, the accu-
mulation of experience will lead to increased re-
search productivity:
Hypothesis 3a: Prior academic experience (num-
ber of workplaces) within the United States is
positively related to research productivity.
International mobility may become a driver of
cross-cultural knowledge acquisition, bring finan-
cial rewards, and facilitate the development of pro-
fessional networks (Jepsen et al., 2014; Richardson&
McKenna, 2003; Richardson & Zikic, 2007). Mobility
may also be stressful due to the loss of connections
with friends and family, difficulties in spouses
finding employment, visa and language barriers,
and the general emotional toll of “living out of
a suitcase” (Richardson & Zikic, 2007: 173). These
qualitative insights help to understand the con-
sequences of mobility. Existing research on inter-
national mobility does not address directly the
relationship between mobility-related factors and
research performance. Hence, there is a need for
quantitative exploration of this relationship in
a business school setting.
All academics in the sample explored here are
located in the United States. Consequently, we are
interested in distinguishing between the impact of
mobility within the U.S. system, which allows the
development of professional relationships and the
dissemination of knowledge without the hurdles of
international relocation, and the impact of mobility
outside theUnited States. Althoughmobility outside
the United States has a substantial cost associated
with a greater change in cultural environment, ed-
ucational and legal regulations, and practices, it
may also bemore rewarding due to higher exposure
to different research perspectives.
Hypothesis 3b: Prior academic experience
(number ofworkplaces) outside theUnitedStates
is positively related to research productivity.
Academic mobility may bring more value to aca-
demics with a lower quality of professional sociali-
zation, if they lack early-career access to skills,
knowledge, and role models. Mobility, and in par-
ticular international mobility, makes it hard for the
graduates of top-ranked schools tomaintain contact
with coauthorship networks established early in
their careers. Social networks research emphasizes
spatial proximity as a key driver of networking
(Brass, Galaskiewicz, Greve, & Tsai, 2004). While
modern communication technologies have facili-
tated collaboration to some extent, a recent survey
of scientists conducted by the National Bureau of
Economic Research (NBER) demonstrated that the
exchange of emails or Skype calls still fails to fully
replace face-to-face research conversations (Freeman,
Ganguli, & Murciano-Goroff, 2014). Email communi-
cation lacks important nonverbal cues that we
usually pick up from tone of voice or body lan-
guage (Epley &Kruger, 2005; Kruger, Epley, Parker,
& Ng, 2005). The study of two distributed research
teamsbyVasileiadou andVliegenthart (2009: 1266)
revealed that email communication “cannot sub-
stitute for the important role meetings play in re-
search productivity.”
Skype communication offers some degree of vi-
sual interaction (subject to technology working
properly). However, it lacks any spontaneity: For
instance, you cannot usually go for a stroll in the
park with your conversation partner while simulta-
neously staying in front of a screen where a camera
can capture your image.Moreover, seeminglyminor
technical problems, such as sound delays or the
need to talk more loudly and articulately than one
usually does, may be surprisingly disruptive for the
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free flow of conversation. Last, Skype conversations
may be difficult to schedulewhere collaborators are
located in different time zones: For example, when it
is 9 a.m. inWashington, DC, it is 9 p.m. in Beijing, so
work hours for coauthors located in the two different
cities would be completely out of sync. Thus, we
expect the positive association of mobility with re-
search outcomes to be less pronounced for academics
with a high quality of professional socialization, who
may lose important connections after moving away
from their initial network.
Hypothesis 4: The research-intensiveness of
academic originwillmoderate the relationship
betweenprioracademicexperienceand research
productivity such that as research-intensiveness
increases, the relationship between prior aca-
demic experience and research productivity will
becomeweaker.
The conceptual model is summarized in Figure 1.
Importance of Comparative Analysis
Which Level Contributes More?
In designing doctoral programs and selecting po-
tential PhD students, it is important to understand
the relative importance of formative environ-
ments and proactive behavior in developing the
ability of future faculty members to produce re-
search. This can help create adequate career ex-
pectations among graduates and support them in
accumulating those types of human capital that
are most likely to contribute to their future re-
search performance.
The relative importance of organizational and
individual factors to research productivity also has
an impact on the mind-set with which hiring com-
mittees should approach the selection of candidates
in research-active schools. If as a result of our in-
vestigation it turns out that organizational factors,
that is, symbolic capital and intellectual capital, are
significantly more important, the emphasis in the
selection process ought to be on early anchoring
in the research-intensive institution as a life-long
driver of research performance. In this case, given
the expansion of the business school industry, it
becomes vital to understand the boundaries of the
worldwide strata of research-intensive institutions
to be able to increase the pool of potential candi-
dates by hiring international faculty members with
adequate research capabilities. Studies dedicated
to the mapping and comparative analysis of re-
search performance are instrumental in this task
(e.g., Albrecht et al., 2011; Podsakoff, MacKenzie,
Podsakoff, & Bachrach, 2008). However, this ap-
proach to hiring has a negative side effect: It is
known to reinforce existing “input creaming” pro-
cesses in top schools (D’Aveni, 1996) and lead to
“social closure” (Burris, 2004). Candidates with lower
ranked or nontraditional educational backgrounds
may be denied the opportunity to flourish in a
research-intensive environment on the basis of the
belief that they will not catch up with their peers,
who started their research journeys within higher
strata of research institutions.
Research intensiveness
of doctoral origin
Research output
Volume
Impact
H1a
H1b
H4
H3a
H3b
H2
Research intensiveness
of post-PhD workplaces
Prior academic experience
in the U.S.
Prior academic experience
outside the U.S.
Collaboration behavior
FIGURE 1
Conceptual Model
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If individual behaviors, that is, the building of
social capital through collaboration and mobility,
are more important in explaining variance in re-
search performance, research productivity would to
some extent be a result of agency-driven processes,
where a motivation to excel in science leads to the
proactive acquisition of knowledge resources (di-
rectly and through coauthors). Thus, for hiring com-
mittees, the key task would become identifying the
candidates capable of such proactive behaviors,
and, later, ensuring that these behaviors were sup-
ported through organizational practices. Literature
on the psychological foundations of proactive ca-
reers (e.g., Taber & Blankemeyer, 2015; Hirschi et al.,
2014) and literature on the antecedents of collabo-
ration (e.g., Bevelander & Page, 2011; Bozeman &
Gaughan, 2011) can offer valuable insights here,
as well as the literature on academic mobility (e.g.,
Jepsenetal., 2014;Ng, Sorensen, Eby,&Feldman, 2007).
Employee selection is just one step in ensuring
that business school faculty members are research-
active.Organizational practices that seek to support
anddevelop research productivity need to be informed
by the understanding of the factors that contribute the
most to variance in research performance. This could
assist administrators in business schools in designing
the processes that enable the emergence of a strategic
human capital resource, that is, a research-active fac-
ulty member (Ployhart & Moliterno, 2011).
METHOD
We construct an individual-level theory using mul-
tilevel analysis of individual- and organizational-
level data. A number of scholars have advocated the
use of multilevel studies for the analysis of nested
data to determine boundary conditions in organiza-
tional science through the exploration of cross-level
effects and cross-level interactions, the interactions
between higher and lower level variables (Breugst
et al., 2012; Payne et al., 2011). This points toward
multilevel analysis as an appropriate methodo-
logical foundation for microfoundations research.
Sample
In the first step of our sampling procedure, we
needed to identify schools that provide strong mo-
tivation for their faculties to produce research in the
form of journal publications. Using the University of
Texas at Dallas (UTD) North American ranking as an
established regional ranking of research-intensive
business schools, we randomly selected 25 schools
from the top-50 U.S. schools in the UTD ranking for
the year 2011.5 Only U.S. schools were included to
avoid potential bias due to country-level differences
in academic career models. The UTD ranking is
based on publications in 24 highly visible journals,
which somewhat limits its validity as a measure
of research-intensiveness for the entire business
school industry, where academics publish in hun-
dreds of peer-reviewed journals. To assess the ex-
tent of this limitation, we compared the UTD rank of
our selected schools with their rankings based on
publications in Financial Times 45 (FT45) journals
and in 45 High Impact Journals (both rankings pro-
duced by Linton, 2012). The comparison revealed
that 92%of our sample (all the schools except Baruch
College and the University of California at Irvine)
are ranked among the top-50 U.S. business schools
by all three rankings. Thus, although the use of the
UTD ranking is not a perfect solution, the results are
reasonably robust to the deficiency of this measure
of research-intensiveness.
In the second step, we randomly sampled 20 ten-
ured academics from each school, maintaining the
gender distribution inherent to each school. The
sample size of 500 academics represents a compro-
mise between having sufficient statistical power in
the model and offering an insight into both organiza-
tional and individual drivers of research outcomes.
The summary of the sample is presented in Table 1.
Starting from undergraduate education, informa-
tion on career history was collected from resumes
(available on business schools’ websites) and from
Hasselback’s (2014) directory of faculty. Resumes
have proved to be a useful source of career data in
prior academic career studies (Dietz & Bozeman,
2005). Hasselback’s directories have also been used
in the past to get career data for U.S. academics
(Boyd, Finkelstein, & Gove, 2005). Publication data
for the entire span of an academic’s career up to
spring 2014 was retrieved from Thomson Reuters ISI
Web of Science. Coauthorship data were extracted
from this bibliometric data. Where data on doctoral
education was unavailable in resumes, we used
data from the ProQuest Database of Dissertations.
We made occasional use of profiles from the social
network LinkedIn to fill in missing categories of re-
sume data. LinkedIn profiles are similar to resumes
in that they are a self-reported record of a person’s
prior experience.
5 After the exclusion of Canadian business schools from the
sampling frame, the resulting top 50 US business schools are lo-
cated between the positions 1 to 55 in the UTD ranking.
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Variables
Dependent Variable
We were interested in exploring both the volume of
research output and the scholarly impact of published
research. Adhering to the general guidelines for
the use of bibliometrics to assess research per-
formance (Thomson Reuters, 2008), we decided to
perform the analysis using multiple measures of
research performance as a dependent variable
before comparing the results to see if they were
congruent. This is consistent with the approach
taken by previous studies (e.g., Podsakoff et al.,
2008). We used the number of papers published
in peer-reviewed journals and proceedings (including
book chapters6) as a measure of the volume of re-
search, restricting them to publications visible on the
ISI Web of Science database, and we used “total
TABLE 1
Sample Summary
University UTD rank 2011
Number of
academics sampled
Male
academics
Female
academics
1. City University of New York, Baruch College (Zicklin
School of Business)
44 20 15 5
2. Columbia University (Graduate School of Business) 10 20 19 1
3. Emory University (Goizueta Business School) 30 20 17 3
4. Georgia Institute of Technology (College of
Management)
34 20 18 2
5. Harvard University (Harvard Business School) 2 20 16 4
6. Massachusetts Institute of Technology (Sloan School of
Management)
13 20 17 3
7. Michigan State University (The Eli Broad College of
Business)
29 20 15 5
8. New York University (Leonard N. Stern School of
Business)
6 20 16 4
9. Pennsylvania State University at University Park
(Smeal College of Business)
14 20 18 2
10. Rice University (Jesse H. Jones Graduate School of
Management)
40 20 16 4
11. Stanford University (Graduate School of Business) 7 20 17 3
12. Texas A & M University at College Station (Mays
Business School)
31 20 17 3
13. University of California at Irvine (PaulMerageSchool of
Business)
43 20 13 7
14. University of California at Los Angeles (Anderson
School of Management)
16 20 18 2
15. University of Chicago (Booth School of Business) 5 20 17 3
16. University of Florida (Warrington College of Business) 28 20 18 2
17. University of Houston (C.T. Bauer College of Business) 53 20 17 3
18. University of Illinois at Urbana-Champaign (College of
Business)
19 20 17 3
19. University of North Carolina at Chapel Hill (Kenan-
Flagler Business School)
25 20 16 4
20. University of Pennsylvania (The Wharton School) 1 20 17 3
21. University of Southern California (Marshall School of
Business)
12 20 17 3
22. University of Texas at Austin (McCombs School of
Business)
9 20 15 5
23. University of Washington at Seattle (Michael G. Foster
School of Business)
33 20 16 4
24. University of Wisconsin at Madison (Wisconsin School
of Business)
41 20 17 3
25. Yale University (School of Management) 35 20 17 3
Total 500 416 84
6 Tomake sure that the presence of book chapters did not influence
the results of our analysis, we performed robustness tests, elimi-
nating these fromthestudy.Nosignificant changeswereobserved.
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citation count” as ameasure of total scholarly impact.
We then adjusted the number of publications by the
number of coauthors involved in each paper and by
the professional age of each academic (years since
PhD completion). The adjustment for coauthorship
(i.e., fractional count) is recommendedbyprior studies
(e.g., Judge, Weber, & Muller-Kahle, 2012; Stephan &
Levin, 1991) as a better way to measure individual in-
put into the production of research. Our data allowed
us toaddress the limitationof Judgeetal.’sstudy (2012)
by calculating the exact number of coauthors for each
paper. The adjustment by year allows us to compare
the research productivity of academics who have
spent different numbers of years in the profession
(Smith et al., 2008). The number of citations was ad-
justedbycoauthorshipand the lifespanof eachpaper.
Both dependent variables displayed a nonnormal
distribution, as confirmed by the Shapiro-Wilk test
(p, 0.001) and Levene’s Variance Homogeneity test.
To manage this issue, we followed in the footsteps
of previous researchers and log-transformed the
numbers of papers and citations (Cruz-Castro &
Sanz-Menendez, 2010; Podsakoff et al., 2008).
Independent Variables
We used two measures to assess the research-
intensiveness of an organizational environment
that provides the symbolic and intellectual capital
necessary for the development of research pro-
ductivity. First,weused theUTDrankings to rank the
institutions from which the sampled academics re-
ceived their PhD degrees. UTD North American
rankings were used for U.S. and Canadian schools;
UTDWorld rankings were used for all other schools.
All academics in the sample started their careers in
different years; to address this issue, we calculated
meanUTD rankings based on thedata from 2000 (the
earliest available) to 2011 (the start of data collec-
tion). The use of mean rankings is the best approxi-
mation we can achieve. We recognize that the data
for 2000–2011 may not capture the earlier fluctua-
tions of the rankings. Following prior research
(e.g., Hall, Mairesse, & Turner, 2007), we used PhD
from top-10 schools in the UTD ranking (dummy) as
a measure of the research-intensiveness of the
PhDs. Power law distribution, observed by scholars
whohavestudiedresearchperformance (e.g.,Aguinis,
O’Boyle, Gonzalez-Mule, & Joo, 2016), means that
a small number of high performers contribute
disproportionately to overall research output within
the field. In another study that we conducted
recently, we analyzed publications in the 150 top
ISI-listed journals between 2007 and 2012 and found
that the top-10 business schools produce 10% of all
global researchoutput,which ishigher than thenext
10 schools in the ranking (the schools ranked be-
tween 11th and 20th place contribute another 7% of
global output). Although we do not claim that other
schoolsdonotproduce research,webelieve thehigh
research-intensiveness of the top-10 schools may
have a disproportionally strong influence on the
development of research productivity.
Second, as discussedabove, one’s first publishing
experience can also become a source of symbolic
and intellectual capital. Symbolic capital from an
academic’s first publication was measured by the
quality of the journal in which the paper was pub-
lished. We chose citation measurement as the tool
with which to assess this variable, as doing so
allowed consistency to bemaintained.We took the ISI
5-year impact factor (from the Journal Citation report
2011) as the measure of peer-reviewed journal rank,
recognizing that this choice entails the samepotential
limitation for the papers published prior to 2006.
Intellectual capital from first publication was
measured by looking at the time before the first
publication appeared in an ISI-visible journal. Pre-
cocity of publication is a signal of emphasis on re-
searchwithin aPhDprogramandasignof a school’s
ability to motivate and support students in pro-
ducing publishable research. This variable is mea-
sured as the difference between the year of first
publication and the year of PhD completion.
Third, we were interested in the influence of or-
ganizational scripts that academics experience in
their post-PhD careers. To capture this antecedent of
research productivity, we introduced a weighted
rank of all workplaces variable, which reflects the
research-intensiveness of post-PhD workplaces. The
variable was measured as a sum of the UTD re-
search ranks of all post-PhD institutions, weighted
by theproportion of timeanacademic spentworking
for each institution. This variable was split into an
11-point scale by dividing the UTD ranking into 10
groups of 10 schools and adding the 11th group,
which contained the nonranked institutions. For
ease of interpretation, the scale was reverse-coded,
so that schools with UTD ranks 1–10 belong to the
11th scale, and the schools not ranked by UTD be-
long to the 1st scale. Again, the use of the UTD rank
as a measure of research-intensiveness has its
limitations if academics publish outside of the 24
journals underlying this ranking. However, the cor-
relations of the UTD rankwith the FT45 rank and the
High Impact 45 rank (Linton, 2012) are 0.82 and 0.59,
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respectively, which points to the fact that the
population of highly visible journals is reasonably
well captured by this measure. Prior research dem-
onstrated that academics in the most productive re-
search institutions tend to target highly visible journals
(Seibert et al., 2014), which further reduces potential
bias from the use of the UTD rank as a measure of
institutional research-intensiveness. Still, there is a
possibility that an institution that scores low in the
UTD ranking may be a highly productive institution
which targets low-ranked journals, and we accept
this as a limitation of our research design.
Collaboration behavior was measured by multi-
plying the number of unique coauthors with whom
an individual published research by the proportion
of strong ties in this ego-network, that is, the per-
centage of coauthors with whom an academic has
collaborated more than once.7 Prior academic ex-
perience (i.e., mobility in post-PhD careers) was
measured by counting workplaces (including PhD
school) throughout academic careers, and dis-
tinguishing between U.S. and non- U.S. institutions.
Control Variables
The control variablegenderwas included to capture
the possible differences between the career histo-
ries of male and female academics. We further in-
troduced the control variable cohort to account for
the changes in the field (e.g., the increased compe-
tition). Academics in our sample completed their
PhDsbetween 6 and 60 years prior to data collection.
The variable was coded from 1 (up to 10 years before
2014) to 6 (51–60 years before 2014). Previous studies
have also indicated that the degree of competition
for the space in high-quality journals differs be-
tween discipline areas in organizational science,
and that this has a direct impact upon academic
productivity (Certo et al., 2010; Podsakoff et al., 2008).
To capture this phenomenon, we introduced disci-
pline area as a control variable. Three coders in-
dependently assigned a discipline on the basis of
resume and publication data (average intercoder
agreement iccavg 5 0.95). The differences were dis-
cussed between coders, so that a consensus could
be reached for each case. Sampled academics were
allocated to one of the following discipline areas:
accounting, economics, finance, management in-
formation systems (MIS), management, marketing,
organizational behavior/HR/education, operations
research/logistics, and strategy.
Data Analysis
Due to the multilevel nature of the study, we used
a multilevel mixed modeling (MLM) approach in
STATA 13 software to analyze cross-level and same-
level relationships (Bliese, 2002; Breugst et al., 2012).
Unlike those used in most multilevel studies, the
dataset in this paper was not designed around
a specific group structure. The nested structure of
the data emerged instead due to the fact that we
included both organizational-level and individual-
level predictors of individual performance here.
Given the long-term nature of the phenomena ex-
plored, retrospective exploration of facultymembers’
career paths seemed to be a more appropriate re-
searchapproach than theexperimentaldesignsused
in many multilevel studies (e.g., Breugst et al., 2012).
“New careers” literature argues that individual
agency is constrained by organizational scripts
(Dany et al., 2011). Thus, it was appropriate that in-
dividual dataweregroupedaccording to the scale of
an organizational-level variable. Five-hundred in-
dividuals in the samplewere divided into 11 groups,
based on theweighed rank of their workplaces, with
an unequal number of actors in each. All variables
were group-mean centered—a recommendedmethod
of centering when the output variable in multilevel
research is situated ona lower level of analysis (Dalal
& Zickar, 2012). Thismeans that all centered variables
represent the extent to which each observation is dif-
ferent from thewithin-clustermean, where the cluster
is defined as academics with the same average rank
of workplaces.
The MLM approach is appropriate for obtaining
correct estimates of relationships between vari-
ables in nested datasets and for measuring the
share of intergroup variance. It is, however, less
suitable for detailed comparative analysis of each
variable’s contribution to the explanation of variance
in outcomes, due to the absence of standardized
effect sizes. To estimate the relative contribution of
organizational-level variables and individual-level
variables to the explanation of variance in research
performance, we used standardized ordinary least
squares (OLS) analysis. Use of cross-sectional data-
sets to analyze the careers of academics has been
a commonapproach as has the use ofOLS to analyze
this data (see specifically, Buchmueller, Dominitz, &
7 We have performed robustness tests, defining strong ties as
coauthors with whom an academic collaborated (1) more than
three times, and (2) more than four times. These tests demon-
strated that the relationship between this variable and the out-
come variables does not depend on the measurement choice.
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Hansen 1999; Carayol & Matt, 2006). To ensure that
thismethod could be used in our study, we tested the
models using MLM and standardized OLS and com-
pared the findings. The results were consistent. The
signandthesignificanceofall relationshipswere the
same, with one exception: the interaction between
a top-10PhDandpriorexperience in theUnitedStates
is not significant in the MLM model explaining the
impact of research, but is significant (p , 0.1) in the
same OLS model. Because interactions were not in-
cluded in our comparative analysis, we felt it ap-
propriate to use standardized OLS. Following the
conceptual logic of the study, we compare the base
model,which includescontrol variables,withmodels
that include organizational-level covariates only,
individual-level covariates only, and both sets of
predictors.
Addressing Unobserved Heterogeneity Issues in
the Sample
There was a possibility that the retrospective ex-
ploration of business school faculty performance
might be affected by self-selection among aca-
demics in the early stages of their careers. For in-
stance, the choice of top-ranked PhD programs
might be influenced by the superior abilities of stu-
dents, which will eventually manifest as superior
scholarly ability and higher research productivity.
To take account of endogeneity in this study, we
used Heckman’s 2-step procedure as recommended
in previous studies (Hamilton&Nickerson, 2003).We
collected additional data about the pre-PhD educa-
tional history of academics in the sample to in-
troduce several instrumental variables. The results
of our analysis show that self-selection into the top-
10 PhD programs is not present in our sample. The
inverse Mills ratio is not significant in any of the
models, and its inclusion in the corrected model
does not changeeither the signor the significance of
the rank of PhD. The details of this analysis are
available from the authors upon request.
RESULTS
Academics in our sample had published an average
of 20 ISI-visible papers (median 5 15) and accumu-
lated 834 citations each over the course of their
careers (median 5 367). When adjusted for coau-
thorship and time, this results in themean volume of
0.4 papers per year and the mean impact of 29 (me-
dian 5 15) cites per year. The descriptive statistics
for the other variables are provided in Table 2.
Several features of the dataset are worth particu-
lar notice. First, the positive correlation between
PhDs from the top-10 schools and the weighted rank
of workplaces confirms the path-dependent per-
spective; graduates of more research-intensive
schools on average spend their careers in more
research-intensive schools. Second, the negative
correlation between the rank of the PhD and the size
of the coauthorship network supports the assump-
tion that academics use collaboration to compen-
sate for a lower quality of early-career socialization.
Third, the positive correlation between prior aca-
demic experience in theUnitedStates and the size of
coauthorship networks provides tentative support to
the idea that mobility is associated with the accu-
mulation of social capital.
The results of the multilevel mixed modeling
analysis for number of papers (the volume of re-
search) are presented in Table 3. The calculation of
ICC from the basemodel (Model 1) indicates that 4%
of variance in volume of research can be attributed
to the average research-intensiveness of the orga-
nizational environment where an academic spent
her career. This provides support to Hypothesis 1b,
which looked at the impact of post-PhD socializa-
tion.Model 2 tests for the influence of organizational
environments on the volumeof research.Hypothesis
1a, which assumed positive association between
the research-intensiveness of the doctoral origin
and research productivity, received partial support.
Early publishing and a PhD from a top-ranked
school are positively related to the volume of re-
search, but the impact factor of the first journal ar-
ticle is negatively related to such volume.
Model 3 added the individual-level proactive
behaviors of collaboration and mobility as the
antecedents complementary to organizational-level
predictors of productivity. Hypothesis 2 is supported,
as collaboration behavior is positively related to the
volume of research. Hypotheses 3a and 3b also re-
ceived support; both types of prior experience are
positively associated with productivity. Hypothesis
4 received partial support, as only the interaction
between a PhD from a top-ranked school and prior
experience in the United States shows significant
and negative coefficient.
The results of the multilevel mixed modeling
analysis for the number of citations (the impact of
research) are mostly consistent with the earlier re-
ported findings on volume of publications. The key
difference between the drivers of research volume
and impact is the higher importance of organiza-
tional environment inproducing impactful research.
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Both the coefficient for the rank of a PhD and for the
impact factor of a first journal publication are posi-
tive and significant. Fourteen percent of variance in
the impact of research can be attributed to the av-
erage research-intensiveness of the organizational
environment where academics spend their careers.
Another difference is related to the interaction be-
tween the rank of a PhD and prior academic expe-
rience: For the impact of research, the interaction
of a top-ranked PhD with experience outside the
United States is negative and significant, while the
interaction with experience in the United States is
not. Results of theanalysis for impact of researchare
presented in Table 4.
We concluded the analysis by looking at the rel-
ative strength of organizational- and individual-
level drivers of individual research performance
and the amount of explained variation in outcome
variables each of the levels of analysis provides.8
The summary of this analysis is presented in Table 5.
Proactive strategiesshowstrongcomplementarity, to
the extent that collaboration fully captures any vari-
ance explained by mobility. Taken separately, the
organizational-level factors explain 6% of variance
in volume and impact of publications, while the
individual-level factors explain 29% variance in vol-
ume and in impact of publications. Together the or-
ganizational and the individual factors explain 37%
of variance in volume and 36% of variance in impact
of research. The rank order of variables in terms of
explained variance (based on the comparison of
standardized effect sizes) is provided at the bottom
of Table 5.
DISCUSSION
In the competitive landscape of business education,
research performance has become an increasingly
important factor defining a business school’s
standing in the industrial hierarchy. We have pro-
vided general insights into the rules of the “publish-
or-perish” game by exploring research productivity
drivers in the careers of academics employed by the
top research-intensive business schools. A prior
studybyAguinis et al. (2010) looked into the research
TABLE 2
Means, Standard Deviations, and Correlations
M SD 1. 2. 3. 4. 5. 6. 7. 8. 9. 10. 11. 12.
1. Log(11Number of
Published Papers,
fractional, per year)
0.33 0.19 1.00
2. Log(11Number of Citations,
fractional, adjusted by
lifespan)
2.72 1.20 0.70* 1.00
3. Cohort a 3.07 1.14 -0.04 -0.00 1.00
4. Gender (1 5male;
0 5 female)
0.83 0.37 0.07 -0.01 0.20* 1.00
5 Discipline area 4.98 2.41 0.11* 0.12* 0.08* -0.05 1.00
6. PhD from top-10 schools
(1 5 yes)a
0.43 0.50 0.08* 0.10* -0.02 -0.00 -0.05 1.00
7. Impact factor of 1st journal 3.18 2.67 -0.07 0.17* -0.07* -0.04 0.05 0.01 1.00
8. Time before 1st publication 1.74 4.30 -0.22* -0.13* 0.13* 0.03 -0.07 -0.01 -0.00 1.00
9. Weighted research rank of
all workplaces (11 items
scale)a
8.90 1.98 0.14* 0.16* -0.04 0.01 -0.03 0.19* 0.03 -0.02 1.00
10. Collaboration behavior 15.52 12.18 0.53* 0.53* 0.15* 0.11* 0.06 -0.08* 0.04 -0.10* -0.04 1.00
11. Prior experience (number of
academic jobs) in the U.S.
2.63 1.01 0.14* 0.19* 0.10* 0.01 0.02 0.01 -0.04 0.05 -0.19* 0.22* 1.00
12. Prior experience (number of
academic jobs) outside
the U.S.
0.11 0.36 0.07 0.06 0.02 0.00 -0.00 -0.10* 0.03 0.13* -0.09* 0.04 -0.12* 1.00
N5 500. Correlations marked with * are significant at least at the 10% level (two-tailed). Correlations with variables 4 and 6 are point-
biserial.
a Correlations are corrected for scale coarseness as recommended in Aguinis, Pierce, and Culpepper (2009).
8 Detailed results of this analysis are available from the authors
upon request.
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performance of journal editors and offered advice
for these influential gatekeepers of the scientific
field. In the same vein, our study sought to facilitate
the research socialization of doctoral students, pro-
mote effective mentorship of junior faculty mem-
bers, and enable successful selection of candidates
for research-active faculty positions. This is partic-
ularly relevant to individuals and organizations
who thus far have had less exposure to publishing
in peer-reviewed journals. Understanding the un-
derlying mechanisms behind research productivity
might also help business schools to recognize com-
petitive strategies employed by their rivals to boost
faculty research performance.
The main objective of our study was to assess
a comparative input of individual and organiza-
tional factors into the explanation of variance in
research productivity. To achieve this we revisited
the core conceptual buildingblocks of themultilevel
model of research productivity. This foundational
part of our work serves as a constructive replication
of prior studies, such as McFadyen and colleagues
(McFadyen & Cannella, 2004; McFadyen et al., 2009;
Seibert et al., 2014). Constructive replication9 uses
populations and analytical techniques that are dif-
ferent from the initial study to test “the score and the
limits of initial findings by seeing if they can be
generalized to other populations, time periods, or-
ganizations, geographical areas, measurement in-
struments, contexts, and so on” (Hubbard, Vetter, &
Little, 1998: 244). We tested validity and generaliz-
ability of prior findingsbyusingadifferent population
of researchers and a more advanced methodological
approach, which accounted for the nested structure of
academic career data. Scholars argue that replica-
tions with extensions are fundamentally important to
the development of organizational science (Hubbard
et al., 1998; McKinley, 2010; Mezias & Regnier, 2007;
TABLE 3
Results of MLM for Log (11Total Number of Papers per Year, Adjusted by Coauthorship)
Model 1
(Base model)
Model 2
(Socialization)
Model 3
(Two perspectives)
Model 4
(Interactions)
Individual-level first-order relationships
Intercept 0.32*** (0.02) 0.29*** (0.02) 0.30*** (0.02) 0.30*** (0.02)
Cohort -0.01 (0.01) -0.02** (0.01) -0.02** (0.01)
Gender (1 5male) 0.03† (0.02) 0.01 (0.02) 0.01 (0.02)
Discipline area 0.01** (0.00) 0.01** (0.00) 0.01** (0.00)
Collaboration behavior 0.02*** (0.00) 0.02*** (0.00)
Prior academic experience in U.S. 0.02** (0.01) 0.03** (0.01)
Prior academic experience outside U.S. 0.06** (0.02) 0.07** (0.02)
Organizational-level first-order relationships
PhD from top-10 schools 0.02† (0.02) 0.05*** (0.01) 0.05*** (0.01)
Time before 1st publication -0.01*** (0.00) -0.01*** (0.00) -0.01*** (0.00)
Impact factor of 1st journal -0.01* (0.00) -0.01*** (0.00) -0.01*** (0.00)
Cross-level interactions
PhD from top-10 schools * Prior academic
experience in U.S.
-0.02† (0.01)
PhD from top-10 schools * Prior academic
experience outside U.S.
-0.05 (0.04)
Random-effects parametersa Model 1 Model 2 Model 3 Model 4
Intercept 1.44E-03 (1.19E-03) 9.76E-04 (8.80E-04) 1.25E-03 (1.12E-0.3) 1.19E-03 (1.06E-03)
Residual 0.03 (0.00) 0.03 (0.00) 0.02 (0.00) 0.02 (0.00)
Model fit statistics Model 1 Model 2 Model 3 Model 4
Pseudo-R2 0.09 0.36 0.37
N 500 498 495 495
N 5 500 individuals (Level 1) in 11 groups (Level 2). Groups are based on weighted rank of all workplaces.
Significance levels are one-tailed for hypothesized relationships and two-tailed otherwise.
*** p , 0.001, ** p , 0.01, * p , 0.05, † p , 0.1
a This part of the table shows the variability of the multilevel model’s intercept and slope due to group-level variance.
9 Also called differentiated replication or replication with extension.
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Uncles & Kwok, 2013). Replications ensure that Type 1
errors (erroneous rejections of the null hypothesis) do
not “filter into textbooks to be taught as established
truths” (Hubbard et al., 1998: 243). Constructive repli-
cationsalso contribute tohigher theoretical coherence
in organizational science by integrating conceptual
“fragments” from prior studies into “streams of em-
pirical research that would provide a source of conti-
nuity in the discipline” (McKinley, 2010: 57).
Conceptually, we embarked upon a journey in
search of a middle ground between two streams of
research on the individual performance of academic
researchers. The findings of the study provide sup-
port to both perspectives and show their comple-
mentarity. The consensus createdbyour studyhelps
translate the insights from the research on pub-
lishing productivity into the practice of managing
academic researchers and developing a new cohort
of doctoral students, thus bridging the “research–
practice gap” (McKinley, 2010).
The first perspectiveemphasized thepath-dependent
nature of academic careers and the overarching
importance of organizational scripts in supporting
researchproductivity (Bedeianet al., 2010;Williamson
& Cable, 2003; Zubieta, 2009), starting from early-
career socialization in PhD schools. We found that
the research-intensiveness of workplaces indeed
has a strong positive connection to the volume and
the scholarly impact of research.We also found that
the graduates of the top research-intensive PhD
schools are more likely to spend their careers in
research-intensive schools. An important new in-
sight was that the correlation between the research
rank of PhDs and the average research rank of post-
PhD workplaces is not as high as to suggest fully
deterministic career paths.
Looking at the quality of the first journal where an
academic publishes work as another consequence
of early-career socialization, we see that it is not
related to the research-intensiveness of the chosen
TABLE 4
Results of MLM for Log (11 Number of Citations, Adjusted by Coauthorship and Paper Lifespan)
Model 1
(Base model)
Model 2
(Socialization)
Model 3
(Two perspectives)
Model 4
(Interactions)
Individual-level first-order relationships
Intercept 2.69*** (0.17) 2.69*** (0.19) 2.79*** (0.19) 2.76*** (0.19)
Cohort 0.03 (0.05) -0.06 (0.04) -0.05 (0.04)
Gender (1 5male) -0.04 (0.14) -0.14 (0.11) -0.13 (0.11)
Discipline area 0.06** (0.02) 0.05** (0.02) 0.06** (0.02)
Collaboration behavior 0.13*** (0.01) 0.13*** (0.01)
Prior academic experience in U.S. 0.16*** (0.04) 0.18*** (0.06)
Prior academic experience outsideU.S. 0.21* (0.12) 0.39** (0.15)
Organizational-level first-order relationships
PhD from top-10 schools 0.14† (0.10) 0.28** (0.09) 0.27** (0.09)
Time before 1st publication -0.03** (0.01) -0.02* (0.01) -0.02* (0.01)
Impact factor of 1st journal 0.06*** (0.02) 0.05*** (0.02) 0.05** (0.02)
Cross-level interactions
PhD from top-10 schools * Prior
academic experience in U.S.
-0.03 (0.09)
PhD from top-10 schools * Prior
academic experience outside U.S.
-0.57* (0.27)
Random-effects parametersa Model 1 Model 2 Model 3 Model 4
Intercept 0.21 (0.17) 0.15 (0.12) 0.23 (0.16) 0.20 (0.15)
Residual 1.32 (0.08) 1.22 (0.08) 0.84 (0.05) 0.83 (0.05)
Model fit statistics Model 1 Model 2 Model 3 Model 4
Pseudo-R2 0.10 0.30 0.32
N 500 498 495 495
N 5 500 individuals (Level 1) in 11 groups (Level 2). Groups are based on weighted rank of all workplaces.
Significance levels are one-tailed for hypothesized relationships and two-tailed otherwise.
a This part of the table shows the variability of the multilevel model’s intercept and slope due to group-level variance.
*** p , 0.001, ** p, 0.01, * p, 0.05, † p, 0.1
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PhD school. We suggest that this might be due to
the overarching role of PhD advisors in the early
publishing choices of doctoral students (e.g.,
Williamson & Cable, 2003). It has to be said, how-
ever, that while the impact factor of academics’
first journal publications is positively related to
the long-term impact of their research, it is nega-
tively associated with the long-term volume of
their research. This indicates a possible trade-off
between the volume and the impact of research.
The academics who started publishing in higher
ranked journals may prefer visibility to number of
publications throughout their careers, either be-
cause of high levels of aspirations acquired at
their PhD schools, or because early visibility gives
them access to research-intensive schools where
the bar for the quality of journals in the faculty
publication portfolio is set particularly high. A
recent study by Seibert et al. (2014) provides evi-
dence confirming this assumption. In a sample of
119 U.S. management professors, they found the
research rank of a PhD to be positively associated
with publications in top journals and negatively
associated with publications in lower ranked
journals.
The second perspective suggests that social cap-
ital, acquired through collaboration andmobility, is
a major driver of research outputs in academia
(e.g., He, Geng, &Campbell-Hunt, 2009; McFadyen &
Cannella, 2004). Our study provides evidence for
this assumption and estimates social capital to be
a relatively stronger driver of productivity than
socialization. Proactive behavior may, therefore,
be instrumental in the careers of those academics
who lack socialization in research-intensive envi-
ronments. Because our measure of collaboration
behavior includes both the size of a network and the
strength of the ties in it, research-active academics
have a reason to strive for a balance in the structure
of their coauthorship ego-networks. When starting
a new project, academics may consider the impor-
tanceof tie strengthbeforemakingadecisionwhether
TABLE 5
Results of Standardized OLS Multiple Regression Analysis for Both Outcome Variables (N5 500)
Outcome variables
Volume of research, fractional,
per year (log)
Impact of research, fractional,
adjusted by lifespan (log)
Control variables (Base model) R2adj 5 0.02 R2adj5 0.01
Organizational-level predictors
Symbolic capital: DR2adj 5 0.02 DR2adj 5 0.03
PhD from top-10 schools
Weighted research rank of all
workplaces
Intellectual capital: DR2adj 5 0.05 DR2adj 5 0.04
IF of 1st journal
Time before 1st publication
Organizational-level variables, total DR2adj 5 0.06 DR 2adj5 0.06
Individual-level predictors
Social capital: Collaboration behavior DR2adj50.29 DR2adj 5 0.28
Mobility: DR2adj50.03 DR2adj 5 0.04
Prior academic experience in U.S.
Prior academic experience outsideU.S.
Individual-level variables, total a DR2adj 5 0.29 D R2 adj 5 0.29
All predictors DR2 adj5 0.37 DR2adj 5 0.36
Rank order of predictors, from most to
least important
1. Collaboration behavior 1. Collaboration behavior
2. Time before 1st publication 2.Weighted research rankofallworkplaces
3. PhD from top-10 schools 3. PhD from top-10 schools
4.Weighted research rank of all workplaces 4. Prior academic experience in U.S.
5. IF of 1st journal 5. IF of 1st journal
6. Prior academic experience outside U.S. 6. Prior academic experience outside U.S.
7. Prior academic experience in U.S. 7. Time before 1st publication
Note. IF 5 impact factor.
a Due to a certain degree of complementarity between variables, the sum of individually explained variances does not add up to the total.
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to work with one of their prior coauthors or to engage
in a new collaboration. One potential consequence
mightbean increase in the sizeof coauthorship teams
as researchers expand their networks without losing
the support provided by their established research
relationships. Given the complex nature of research
activities and the traditionally autonomous approach
to research in the fieldofsocial sciences (ascontrasted
with lab-based research in life sciences, e.g.), the task
of managing larger teams of creative people may be-
come a challenge. Findings from the research con-
ducted into other creative industries indicate that
collaboration on a larger scale is likely to produce
extreme (either very good or very poor) outcomes
(Taylor &Greve, 2006).Wesuggest that studying this
potential conundrum and the trade-off between the
scope and the depth of collaboration in social sci-
ences could becomean interesting avenue for future
research.
Academic mobility has increasingly become
a focus of discussion among academic career re-
searchers as another proactive strategy supporting
research productivity (e.g., Cruz-Castro & Sanz-
Menendez, 2010; Richardson & Zikic, 2007). Our
study is the first to measure the importance of this
strategy as a driver of research productivity. We
found that mobility has a positive link to research
performance, but the strength of this driver is low
relative to the other antecedents, explainingonly 4%
of variance in impact and 3% of variance in volume
of publications. This might be specific to the U.S.
environment, which exhibits lower mobility (in
particular, lower international mobility) than other
geographical segments of the global business
school industry.We encourage other scholars to test
the assumptions of this study in non-U.S. settings to
determine the boundary conditions of our theory.
In exploring the nuances of the interaction be-
tween organizational factors and individual be-
haviors, we found that mobility has a weaker
relationshipwith performance for the graduates of
top-ranked PhD schools. Specifically, for these
graduates, mobility within the United States has
a weaker link to the volume of research, while
mobility outside the United States has aweaker link
to the impact of research. To interpret these findings,
we reflect upon the consequences of two distinct
career strategies. The graduates of top-ranked
U.S. schools who engage in mobility in the United
States are likely to experience a downward trend in
prestige, moving to lower ranked schools, as this is
the most common career trajectory in this market
(Miller et al., 2005). In these lower ranked schools,
they are likely to have higher teaching loads, which
will leave them less time to produce publications.
At the same time, staying in the country will allow
these academics to maintain relationships with
their coauthors and to keep up with research con-
versations, which is crucial for producing impactful
work. The graduates of top-ranked U.S. schools who
decide to move abroad are usually hired for their
research potential, as a part of non-U.S. schools’
strategy of increasing research output. As star as-
sets, these academics are able to negotiate lower
teaching loads and other research supports. This
leads to research output comparable to their peers
who did not expatriate. Relocation, however, brings
them to theperiphery of research conversations, and
makes it more difficult to communicate with their
U.S.-based coauthors. The flow of information from
the industry center also becomes less abundant
and is partially replaced by local information from
the country of employment. Studies based on non-
U.S. data, although highly relevant to the respective
local market, are sometimes met with suspicion in
the reviewing process (Meyer & Boxenbaum, 2010),
which may impede their access to the most visible
research outlets. Therefore, the mobility strategy
works as a compensatory mechanism for the grad-
uatesof lower rankedPhDschoolsbutdoesnotbring
as much value, in terms of research productivity, to
the graduates of top-ranked PhD schools.
Bringing these two perspectives together through
amicrofoundations lens, we see the development of
research productivity in business schools in a fa-
miliar but more positive light. The initial choice of
a high- or low-ranked school has a strong influence
on research productivity by facilitating or hamper-
ing access to research-intensive environments. At
the same time, the proactive accumulation of re-
sources after graduation is also an important tool
that can potentially balance out the situation for
those who do not enjoy the advantages of initial
anchoring in the top academic stratum. The data
shows that the graduates of lower ranked PhD
schools are more active in collaboration and in ac-
cumulating experience through mobility. Clearly
there is more than one way to achieve success in ac-
ademic publishing: All academics in our sample are
tenured in research-intensive U.S. business schools
where research performance is highly valued. The
findings of this study advance the “new careers” lit-
erature,whichemphasizes thedualityof structureand
agency in organizations (Dany et al., 2011; Duberley
et al., 2006), by offering quantitative evidence to this
predominantly qualitative stream of research.
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A Note on the Generalizability of Findings
Are these findings, based on a sample of academics
employed by top research-intensive schools, useful
for researchers located outside of the elite stratumof
research universities? Faculty members in lower
ranked schools have fewer resources and some-
times lack knowledge relative to academics in our
sample, but they are increasingly expected to com-
pete with their better placed peers for space in top
peer-reviewed journals. Another research project
undertaken by the authors of this paper revealed
that in 2007–2012, academics from more than 2500
institutions worldwide published in the top-160
journals listed in Thomson Reuters Journal Citation
Reports. Recent studies by Aguinis and colleagues
have provided evidence to the fact that the perfor-
mance of knowledge workers is characterized by
power law distribution, which has the property of
scale invariance (Aguinis et al., 2016). This means
thatatany level of organizationalproductivity, there
is a small number of high performerswho contribute
a majority of output. Indeed, while all academics in
our sample are employed in top research-intensive
schools, data shows that the majority of them pub-
lish less than one paper per year, and a small mi-
nority (4%) publish between one and three papers
annually.10 The same pattern of productivity should
be present in other strata of the business school in-
dustry. Interestingly enough, Miller et al. (2005) also
found a type of scale invariance in the patterns of
academic careers, where the general pattern of mo-
bilitywas similar for everyone, although thegraduates
of high-status institutions moved across workplaces
that have a higher average level of prestige.
Our work here seeks to help researchers in be-
coming highly productive employees in their strata.
Reflecting upon the mechanisms underlying our
findings, we argue that the magnitude of found re-
lationships should be even larger in lower strata
schools. The faculty members in these schools have
a lower stock of symbolic and intellectual capital. In
the absence of these, social capital becomes amore
important source of knowledge and support. At the
same time, those academics who have had at least
some exposure to highly research-intensive envi-
ronments have a stronger advantage in publishing
visible andmore impactful research relative to their
colleagues, most of whom have never been exposed
to the rules and incentives of the “publish-or-perish”
culture. This is a “big fish ina small pond” effect: It is
not the absolute amount of resources that matters,
but rather individual standing relative to the peer
group (i.e., colleagues in the same stratum). This is
one reasonwhy theMLMmethodwas chosen for this
study: It groups academics according to ministrata
based on their level of exposure to research in their
post-PhD careers, and adjusts the value of their
capital (symbolic, intellectual, and social) by com-
paring it to the group-specific mean.
Implications for the Business School Industry
We demonstrate the significant role that human
agency plays in achieving superior performance
in knowledge-intensive industries. This is an im-
portant insight for both aspiring and established
academics. Although the research on academic
industry characteristics reveals increasing com-
petition for the space in top-tier journals (Certo
et al., 2010) and an overwhelming pressure to
publish in these scholarly outlets (Day, 2011;
Miller, Taylor, & Bedeian, 2011), the traditional
view of scientific productivity provides limited
opportunities for those who embark upon aca-
demic careers from lower strata. Our findings offer
encouragement to business schools that are cur-
rently placed outside the top stratum, because
they demonstrate the long-term consequences of
alternative strategies of resource accumulation,
thus facilitating everyday decision making on the
part of research-active faculty members.
The findings also inform the decision making of
business-school hiring committees and contribute
to lower information asymmetry in the candidate
screening process. First, the configuration of a
coauthorship network, both in terms of its scope and
in terms of the strength of its collaborations between
coauthors, should be considered a key factor when
assessing the potential productivity of applicants.
Second, separate exploration of factors associated
with the volume and the impact of research reveals
the nuances of the microfoundations behind re-
search performance in business schools. The vol-
ume of research is largely driven by proactive
behaviors; organizational factors mainly influence
this dimension of performance by enabling early
publishingat the beginning of a researcher’s career.
The impact of research is more dependent on orga-
nizational factors; placement in the top strata of
research-intensive business schools facilitates ac-
cess to most visible journals (Crane, 1967) and the
10 These figures areweighted by the number of coauthors, so that,
for instance, one paper written with two coauthors is counted as
one third of the paper.
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ability to disseminate knowledge among a broader
academic audience. Hiring committees of business
schools should, therefore, consider different di-
mensions of an applicant’s career history, depen-
dent on their strategic goals. Third, the nuances of
relationships between mobility and research out-
put, especially pronounced for graduates of top-
ranked PhD programs, should be considered when
assessing the potential productivity of interna-
tional applicants whose initial collaboration net-
works are derived from high-status institutions
located abroad.
Implications for Management Education
In the highly competitive environment of today’s
knowledge-intensive industries, it is important to
teachour students the value of proactive behavior in
knowledge workers’ careers. This study provides
some empirical evidence that can be applied to the
practice of preparing business-school PhD grad-
uates for their future careers. By exploring U.S.
academics’ careers, we can clearly see that the
achievements of these faculty members did not
arise predominantly just because theywere in the
right place in the industry at the right time. Pro-
active strategies of networking and mobility be-
tween organizations provided these actors with
access to social capital and made them more pro-
ductive scholars.
While a lot of attention has been given to the ed-
ucation of undergraduate and MBA students (e.g.,
Bedwell, Fiore, & Salas, 2014; Bevelander & Page,
2011; Eisenberg et al., 2013), doctoral students seem
to exist on the periphery of business schools (for
some exceptions, see e.g., Baker & Lattuca, 2010;
Moss Breen & Barbuto Jr., 2010). This is arguably
because their numbers aremuch smaller than those
in other programs.At the same time, the educationof
doctoral students often requires a deeper engage-
ment from faculty members and represents a more
long-term commitment than the education of MBA
and undergraduate students (Ashford, 1996). More-
over, doctoral students are just one step away from
becoming facultymembers themselves, and thus, in
our opinion, their education has to include all ele-
ments of socialization into professional and orga-
nizational life, such as “values, expected behaviors,
and social knowledge” (Cable et al., 2013: 2).
It is not enough to train doctoral students in
methodology and best research practices. Knowl-
edge of the “rules of the game” existing in the busi-
ness education industry also has to be transferred if
the graduates of PhD programs are to find their
place in the academic world. Currently, the transfer
of this knowledge depends on the goodwill of doc-
toral supervisors who decide to share insights from
their idiosyncratic academic experiences. Organi-
zational incentives currently existing in business
schools do not reward faculty members for their
quality of doctoral teaching, in contrast with other
programs where teaching performance is regularly
monitored, evaluated, and sometimes marked by
“Best Professor” awards (Ashford, 1996). Our work
here highlights general trends in behaviors that
are associated with higher research productivity in
business schools,with the aimof educatingdoctoral
students on the rules of the game in our field. As any
such rules, these represent broad guidelines that
have to be tempered by individual circumstances
and the preferences of each PhD graduate.
Both professional socialization and collaboration
behavior have an impact on the development of re-
search productivity. This suggests the need for
abalancebetween theanchoringof aPhDstudent in
an immediate institutional environment and the
openness to external academic community. We see
this as a stepwise approach to training and social-
ization that requires a coordinated institutional in-
tervention. First, newly admitted PhD students
should get to know their own institution, socialize
with local faculty, and benefit from their expertise.
In someeducational systems, for example, inEurope,
doctoral studies havehadasemiautonomousnature,
characterized by infrequent interaction between
student and mentoring faculty (Hakala, 2009). Where
this ethos persists, PhD directors and individual su-
pervisors have to take a stance of encouraging the
active participation of doctoral students in research-
focused initiatives that could result in better pro-
fessional socialization.
In the second step, once PhD students have ac-
quired some research skills and gainedmore clarity
on their topics of interest, they would benefit from
reaching outward and establishing professional
relationships with academic peers beyond the
boundaries of their PhD schools. Our use of theword
“relationships” instead of “networks” is deliberate:
Our research shows the importance of strong ties,
that is, repeated collaborations built onmutual trust
and understanding. Rather than teaching PhD stu-
dents how to build networks that help achieving
short-term goals, such as finding a job (e.g., de
Janasz & Forret, 2008), weneed to teach themhow to
network to improve their long-term work perfor-
mance (Judge et al., 2012). This type of networking
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requires understanding of a potential network
partner and deliberate efforts to find or create fit
between oneself and a potential collaborator.
Although many scholars admit that some of their
most productive collaborations started in a seren-
dipitous way (e.g., Dutton, Bartunek, & Gersick,
1996), we argue that investing effort in the search
for potential research partners might enable early-
career researchers to move beyond the realm of
lucky chances. Institutional policies that support
participation in international conferences and doc-
toral consortiums would facilitate this effort. Stu-
dent visits with the purpose of research training,
where such training takes place within another
business school, is another way to support PhD
students’ socialization and collaboration.
Early-stage doctoral students might feel too in-
secure to seek advice from academics other than
their main supervisors. Taking risks and approach-
ing seasoned scholars with research conversations
may be uncomfortable while one’s underdevel-
oped ideas are dissected by an experienced hand,
but this risk may pay off later. First, external ref-
erences are often necessary for a job application.
Second, having external coauthors facilitates PhD
graduates’ early-career transition from student to
independent researcher by engaging them in pro-
jects unrelated to their supervisor. Strong relation-
ships with coauthors are an important source of
research support, but building relationships takes
time. The earlier one starts to reach out to external
academic community, the more time one has to test
which potential collaborators are a good profes-
sional and personal match with one’s ideas and
personality.
The insights from our study may also be instru-
mental for academic administrators responsible
for the management of doctoral programs (e.g., PhD
directors), in particular for those located outside
the traditional core of research-intensive business
schools. With the expansion of the business educa-
tion sector, the population of these decision-makers
has steadily increased, and not all of themhave had
firsthand experience with the blend of “publish-or-
perish” and “publication in the most visible jour-
nals” ethos that is currently on the rise (Adler, 2014).
If doctoral programs worldwide are to produce
research-active graduates who are capable of pub-
lishing impactful research, mentors need to realize
the importance of exposing their students to research-
intensive environments. Where an institution lacks
local resources to create such environments, research
visits or participation in research seminars led by
invited scholars may partly fill the gap. Ideally, the
preference should be given to visiting faculty who
have interest in working with PhD students.
The characteristics of academics’ first scholarly
publications play an important role in their aca-
demic productivity development, and there are
great challenges involved in finding a compromise
between publishing early and publishing in a
high-quality journal. Consequently, we believe
that doctoral programs should put an emphasis on
publishing-support systems that would help in-
experienced researchers tailor their first publica-
tions for scholarly outlets thatwould fit their future
career and research strategies. In particular, the
culture of friendly reviews by one’s faculty (in ad-
dition to feedback from a primary supervisor)
needs to be promoted. High-quality copy-editing
should also be made available to all doctoral stu-
dents, especially those coming from non-English
speaking backgrounds.
Limitations and Reflections on the Need for
Pluralism
In discussing publication outcomes here, we have
assumed that publishing in higher ranked journals
(those with higher impact factors) is desirable for
faculty members, due to the visibility of these out-
lets, which is linked to the probability of a paper
being read and cited (Judge et al., 2007). There are,
however, several arguments against the simplicity
of this approach to the choice of target journals.
First, research shows that not all the papers pub-
lished in top journals are necessarily of higher
quality than those published in the journals with
lower impact factors (Singh, Haddad, & Chow, 2007).
Second, the rankings of journals used in business
schools have significant methodological flaws
(e.g., Adler&Harzing, 2009;Ozbilgin, 2009) and fail to
equally represent all disciplines, research fields,
and stakeholder groups. Third, the established for-
mat of top journals may be less friendly to radically
novel and original research (in recognition of this
fact, the Academy of Management has recently
launched its Academy of Management Discoveries
journal), or to studies conducted in different re-
search traditions (e.g., Pratt, 2008).
Ultimately, it is important for researchers to find
the audience interested in what they have to say,
rather than solely to strive to publish in the journal
with the highest possible rank. The presence of
a vibrant research community around a particular
topic may bring higher visibility and create a
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greater scholarly impact than a highly cited journal
covering topics of general interest. Given that we do
not compromise on the quality of our studies, having
an open mind about the outlets through which we
communicate our ideas may be beneficial for keep-
ing our field refreshingly pluralistic.
Directions for Future Research
Our study took a retrospective view on academic
careers with the objective of bridging two distinct
conceptual perspectives and comparing their con-
tribution to the explanation of research outcomes. A
further study using longitudinal data may provide
deeper insights into step-by-step trajectories of re-
search productivity development and possible crit-
ical junctures that academics face along the way. A
conceptual starting point for such a study would be
to take our work and blend this with the concep-
tual insights of path-dependency literature (Sydow,
Schreyogg, &Koch, 2009). Although it is unlikely that
career trajectories could be replicated, such a study
could provide insights into decision making of aca-
demics and the consequences of different choices at
a particular stage of a researcher’s career. The re-
search design of such a study would have some
challenges.
First, in thinking about academic careers, two di-
mensions of research performance are of particular
importance. Anacademichas toachieve visibility in
the scholarly community by the regular publication
of research. This visibility is measured by the vol-
ume of research output, which may be relatively
easily allocated to a year of publication. There is
also a need to understand whether an academic’s
publication output has an impact on science and
practice. Most studies using bibliometric data
choose thenumber of citations as themost validated
measure. Due to the nature of a citation process, that
is that the citations to one’s papers are accumulated
throughout the entire career, it is more difficult to
allocate these to a particular year without an anal-
ysis of citation history for each paper. Second, there
is a challenge in collecting enough data to have
a panel of sufficient size while keeping both orga-
nizational and individual predictors in themodel, as
suggested by the multilevel framework developed
here. Given that the data for variables come from
multiple sources and need a fair amount of manual
processing, this may be a task for a large research
team or one that would require the development of
programs that enable automatic combination of
text-based CVs and multiple databases.
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